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IMAGE CAPTIONING UTILIZING work to transform the generated feature vectors into captions 
SEMANTIC TEXT MODELING AND that accurately reflect the contents of an input digital image . 

ADVERSARIAL LEARNING In one or more embodiments , the disclosed systems and 
methods train the image encoder neural network and the 

BACKGROUND 5 sentence decoder neural network by utilizing an adversarial 
classifier and / or a semantic similarity constraint . For 

Recent years have seen a significant increase in the use of instance , the disclosed systems and methods can train an 
digital images and videos by individuals and businesses . image encoder neural network by applying a semantic 
Indeed , whether for entertainment , advertising , educational , similarity constraint to both training images and training or other purposes , individuals and businesses increasingly 10 captions . Utilizing this approach assists the image encoder generate and utilize digital images . For example , in today's neural network to generate feature vectors that accurately technological environment , an individual may capture and reflect the contents of the input digital image in a semantic share digital images with friends over a social network , space . Moreover , the disclosed systems and methods can receive digital image advertisements , or review digital train a sentence decoder neural network by applying an images as part of reading digital news . adversarial classifier that constrains generated captions to a As the prevalence of digital images and videos has 
increased , the need for digital image captioning has also distribution of plausible expressions . Utilizing this approach 
increased . Digital image captioning is the process of gen assists the sentence decoder neural network to generate 
erating a natural language description for a digital image . captions that reflect plausible sentences while not being not 
Digital image captioning is used in a variety of applications 20 direct copies of training data . 
to provide an indication of content of one or more digital Additional features and advantages of one or more 
images . For example , image captioning can help visually embodiments of the present disclosure will be set forth in the 
impaired individuals understand the content of a digital description which follows , and in part will be obvious from 
image where they are unable to see the digital image . the description , or may be learned by the practice of such 
Similarly , image captioning can assist in identifying , label- 25 example embodiments . 
ing , or searching for digital images . 

To address this need , developers have created systems that BRIEF DESCRIPTION OF THE DRAWINGS 
automatically generate captions describing the contents of 
digital images . For example , some conventional systems The detailed description is described in relation to the 
utilize deep learning techniques that directly “ translate " an 30 accompanying drawings in which : 
image into a caption . Such conventional systems , however , FIGS . 1A - 1B illustrate a computing device providing a 
have a number of significant shortcomings . For example , digital image and corresponding caption in accordance with conventional systems utilizing deep learning techniques one or more embodiments ; often require an enormous amount of training data . In FIG . 2 illustrates a representation of training an image 
particular , to learn to convert unseen images into new 35 encoder neural network , training a sentence decoder neural captions , conventional captioning systems can require large network , and utilizing the image encoder neural network and volumes of training images where each training image has a sentence decoder neural network to generate an image corresponding description . Such large volumes of training 
data are difficult and expensive to obtain . caption in accordance with one or more embodiments ; 

Moreover , conventional systems also struggle to generate 40 FIG . 3 illustrates training a sentence encoder neural 
accurate captions corresponding to new images . For network and sentence decoder neural network utilizing an 
example , conventional systems tend to memorize and repeat adversarial loss in accordance with one or more embodi 
information from training data rather than generating cap ments ; 
tions appropriate to the contents of a previously unanalyzed FIG . 4 illustrates a representation of training a sentence 
digital image . To illustrate , conventional systems often copy 45 encoder neural network , training a sentence decoder neural 
and paste phrases ( or even entire sentences ) from training network , and training an image encoder neural network 
data when generating descriptions for a new digital image , utilizing a semantic similarity constraint in accordance with 
even though the semantics of the copied training data do not one or more embodiments ; 
match the digital image contents or reflect plausible linguis- FIG . 5 illustrates a representation of iteratively training a 
tic expressions . Accordingly , although conventional systems 50 sentence encoder neural network , sentence decoder neural 
can generate descriptions , the resulting captions often fail to network , and image encoder neural network in accordance 
accurately reflect digital image contents through compre- with one or more embodiments ; 
hensible sentences . FIGS . 6A - 6C illustrate exemplary architectures of a sen 

These and other problems exist with regard to digital tence encoder neural network , a sentence decoder neural 
image captioning 55 network , and an image encoder neural network in accor 

dance with one or more embodiments ; 
BRIEF SUMMARY FIG . 7 illustrates a schematic diagram illustrating a digital 

image caption system in accordance with one or more 
One or more embodiments of the present disclosure embodiments ; 

provide benefits and / or solve one or more of the foregoing 60 FIG . 8 illustrates a schematic diagram illustrating an 
or other problems in the art with systems and methods that exemplary environment in which the digital image caption 
generate captions for digital images utilizing an image system may be implemented in accordance with one or more 
encoder neural network and a sentence decoder neural embodiments ; 
network . In particular , the disclosed systems and methods FIG . 9 illustrates a flowchart of a series of acts in a 
train an image encoder neural network to generate feature 65 method of training a digital model to generate captions 
vectors from input digital images . Moreover , the disclosed reflecting digital image contents in accordance with one or 
systems and methods train a sentence decoder neural net- more embodiments ; 
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FIG . 10 illustrates a flowchart of a series of acts in a digital image captioning system can utilize an adversarial 
method of training a digital model to generate captions classifier to distinguish between positive samples ( i.e. , 
reflecting digital image contents in accordance with one or samples from a prior distribution in a semantic space ) and 
more embodiments ; and negative samples ( i.e. , samples generated by the sentence 

FIG . 11 illustrates a block diagram of an exemplary 5 encoder neural network ) . By minimizing the difference 
computing device in accordance with one or more embodi- between the samples drawn from the prior distribution and 
ments . samples generated by the sentence encoder neural network , 

the digital image captioning system can constrain the result 
DETAILED DESCRIPTION ing model to a dense semantic space that can be decoded into 

plausible sentences . One or more embodiments of the present disclosure As mentioned above , in one or more embodiments , the include a digital image captioning system that trains an 
image encoder neural network and a sentence decoder neural digital image captioning system also trains an image encoder 
network to generate captions for input digital images . For neural network utilizing a semantic similarity constraint . In 
example , in one or more embodiments , the digital image 15 particular , in one or more embodiments , the digital image 
captioning system trains an image encoder neural network to captioning system jointly trains the image encoder neural 
generate , from digital images , feature vectors in a semantic network in conjunction with a sentence encoder neural 
space . The digital image captioning system also trains a network and sentence decoder neural network based on the 
sentence decoder neural network to generate captions based semantic similarity constraint . 
on feature vectors in the semantic space . The digital image 20 To illustrate , the digital image captioning system deter 
captioning system then utilizes the trained image encoder mines a semantic similarity loss by applying the image 
neural network and the trained sentence decoder neural encoder neural network to the training images , applying the 
network to generate captions for input digital images . sentence encoder neural network to the corresponding train 
More specifically , in one or more embodiments , the ing sentences , and comparing the resulting feature vectors . 

digital image captioning system trains an image encoder 25 Moreover , the digital image captioning system determines a 
neural network and a sentence decoder neural network based reconstruction loss resulting from application of the sen 
on an adversarial classifier and a semantic similarity con- tence encoder neural network and the sentence decoder 
straint . Specifically , in one or more embodiments , the digital neural network to the training sentences . The digital image 
image captioning system applies an adversarial loss gener- captioning system jointly trains the sentence encoder neural 
ated by an adversarial classifier to constrain the model to a 30 network , the sentence decoder neural network , and the 
semantic space ( i.e. , a semantic space where samples can be image encoder network by utilizing the semantic similarity 
decoded as plausible linguistic expressions ) . The digital loss and the reconstruction loss . 
image captioning system then draws from the semantic Moreover , in one or more embodi nts , the digital image 
space to generate plausible captions for input digital images . captioning system applies the semantic similarity constraint 
Moreover , the digital image captioning system applies a 35 to multiple different training captions for each training 
semantic similarity constraint to train the model to more image . In particular , the digital image captioning system can 
accurately learn relationships between representations of generate a feature vector for a training image and generate 
training images and training captions . In particular , in one or feature vectors for a plurality of training captions describing 
more embodiments , the digital image captioning system the training image . The digital image captioning system then 
applies a semantic similarity constraint that minimizes the 40 minimizes the difference between the feature vector for the 
differences between training image representations and training image and the feature vectors for the plurality of 
training caption representations in the semantic space . corresponding training captions . For example , in one or 

In one or more embodiments , the digital image captioning more embodiments , the digital image captioning system 
system trains the sentence decoder neural network in con- utilizes training images where each training image has five 
junction with a sentence encoder neural network and an 45 training captions and applies the semantic similarity con 
adversarial classifier . Together , a sentence encoder neural straint to ensure similar semantic meaning between feature 
network and sentence decoder neural network are referred to vectors for each training image and feature vectors for 
herein as an “ auto - encoder . ” Moreover , a sentence encoder corresponding training captions . 
neural network and sentence decoder neural network utilized In this manner , the digital image captioning system can 
in conjunction with an adversarial classifier are referred to 50 ensure that different training captions for any given image 
herein as an “ adversarial auto - encoder . ” have similar semantic meaning within the model and that the 
The digital image captioning system can utilize a plurality model generates a semantic meaning for the given image 

of training sentences to train an adversarial auto - encoder . that is similar to the semantic meaning of multiple different 
Specifically , in one or more embodiments , the digital image training captions . Thus , two images of similar content will 
captioning system utilizes the training sentences and the 55 be closely related ( in terms of semantic meaning ) and 
adversarial classifier to determine an adversarial loss and different captions for an image will also be closely related . 
reconstruction loss resulting from the sentence encoder This helps to ensure that the model generates captions that 
neural network and the sentence decoder neural network . are semantically similar to content displayed in a digital 
The digital image captioning system then trains the sentence image . 
encoder neural network and the sentence decoder neural 60 In summary , training the image encoder and sentence 
network to predict sentences from the training sentences decoder based on an adversarial classifier and / or semantic 
based on the adversarial loss and the reconstruction loss . similarity constraint , the digital image captioning system 
As just mentioned , the digital image captioning system accurately and efficiently generates captions for input digital 

can utilize an adversarial classifier as part of an adversarial images . In particular , the digital image captioning system 
auto - encoder . As described in greater detail below , an adver- 65 reduces the amount of training data required while increas 
sarial classifier is a binary classifier that can be utilized to ing the accuracy of resulting captions in relation to the 
distinguish positive samples from negative samples . The content of digital images . Thus , the digital image captioning 
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system can use less processing power and less computa- trained sentence decoder neural network . In particular , the 
tional resources when training the system . digital image captioning system utilizes a sentence decoder 

Furthermore , by applying a semantic similarity constraint neural network trained utilizing an adversarial auto - encoder 
in training , the digital image captioning system can better that also includes a sentence encoder neural network and an 
learn relationships between image representations and sen- 5 adversarial classifier . 
tence representations . For instance , by utilizing a semantic As used herein , the term " neural network ” refers to a 
similarity constraint in training , the digital image captioning machine learning model that can be tuned ( e.g. , trained ) 
system can encourage captions that accurately reflect con- based on inputs to approximate unknown functions . In 
tents portrayed in a digital image as well as the semantic particular , the term “ neural network ” can include a model of 
meaning of what is portrayed in the digital image . 10 interconnected layers that communicate and analyze attri 

Furthermore , by utilizing an adversarial loss , the digital butes at varying degrees of abstraction to learn to approxi 
image captioning system generates more accurate captions mate complex functions and generate outputs based on a 
by constraining feature vectors to a semantic space . In plurality of inputs provided to the model . For instance , the 
particular , the digital image captioning system generates term “ neural network ” includes one or more machine learn 
feature vectors within a dense semantic space that can be 15 ing algorithms . In particular , the term “ neural network " 
decoded as one or more plausible sentences . Accordingly , includes convolutional neural networks ( i.e. , “ CNNs ” ) , fully 
the digital image captioning system generates descriptions convolutional neural networks ( i.e. , “ FCNs ” ) , or recurrent 
that are not only semantically similar to the contents of neural networks ( i.e. , “ RCNs ” ) . In other words , a neural 
digital images , but that also reflect plausible , linguistically network includes an algorithm that implements deep learn 
appropriate expressions . Thus , the digital image captioning 20 ing techniques , i.e. , machine learning that utilizes a set of 
system avoids copying and repeating phrases or sentences algorithms to attempt to model high - level abstractions in 
from training data . Rather , the digital image captioning data . 
system generates descriptions that are semantically similar Moreover , as used herein , the term “ image encoder neural 
to the contents of digital images , but stylistically different network ” refers to a neural network that encodes a digital 
than training captions . 25 image . In particular , the term " image encoder neural net 

Turning now to FIGS . 1A - 1B , additional detail will be work ” includes a neural network that generates a vector 
provided regarding generating captions for input digital ( e.g. , a feature vector ) in a semantic space from a digital 
images in accordance with one or more embodiments of the image . The term " feature vector ” as used herein refers to a 
digital image captioning system . In particular , FIGS . 1A - 1B numerical representation of features . In particular , the term 
illustrate a computing device 100 with a display screen 102 30 “ feature vector " includes an n - dimensional vector of 
displaying digital images 104 , 110. As illustrated , the digital numerical features . For example , a feature vector includes a 
image captioning system analyzes the digital images 104 , 500 - dimensional vector of numerical features in a semantic 
110 and generates the captions 106 , 112 . space , where the values of the feature vector encapsulate a 
As used herein , the term “ digital image ” refers to any semantic meaning within the semantic space . 

digital symbol , picture , icon , or illustration . For example , 35 As used herein , the term “ semantic space ” refers to a 
the term “ digital image ” includes digital files with the metric space ( e.g. , a coordinate system ) where location or 
following , or other , file extensions : JPG , TIFF , BMP , PNG , distance in the metric space represents semantic similarity or 
RAW , or PDF . The term “ digital image ” also includes one or meaning . In particular , the term “ semantic space ” includes a 
more images ( e.g. , frames ) in a digital video . Similarly , the metric space where a smaller distance exists between feature 
term “ input digital image ” refers to a digital image analyzed 40 vectors of similar semantic meaning than between feature 
by the digital image captioning system for generating a vectors that are less similar . For example , a semantic space 
caption . Thus , in relation to FIGS . 1A - 1B , the digital images can include an n - dimensional metric space where any posi 
104 , 110 are input digital images utilized to generate the tion with the metric space encapsulates a semantic meaning . 
captions 106 , 112 ( i.e. , two sentences describing the contents In addition , as used herein , the term " sentence encoder 
of the digital images 104 , 110 ) . 45 neural network ” refers to a neural network that encodes a 
Moreover , as used herein , the term “ sentence ” refers to a sentence . In particular , the term " sentence encoder neural 

group of words . In particular , the term " sentence ” includes network ” includes a neural network that encodes a sentence 
a group of words in a language that form a coherent thought . as a vector ( e.g. , a feature vector ) in a semantic space . 
A sentence can include a phrase , a description , a title , or a Furthermore , as used herein , the term “ sentence decoder 
grammatically complete English sentence ( e.g. , a subject , 50 neural network ” refers to a neural network that decodes a 
verb , direct object , and / or punctuation ) . sentence ( or caption ) . In particular , the term “ sentence 
As mentioned above , a sentence can also form a caption . decoder neural network ” refers to a neural network that 

As used herein , the term “ caption ” refers to a sentence decodes a sentence ( or caption ) from a vector ( e.g. , a feature 
corresponding to a digital image . In particular , the term vector ) in a semantic space . Additional detail regarding 
" caption ” refers to a sentence corresponding to contents of 55 image encoder neural networks , sentence encoder neural 
a digital image . For example , a caption can include a phrase , networks , and sentence decoder neural networks are pro 
title , description , or grammatically complete English sen- vided below . 
tence describing the contents of a digital image . To illustrate , In relation to FIGS . 1A - 1B , the digital image captioning 
as shown in FIGS . 1A - 1B , the caption 106 ( i.e. , “ A passen- system applies a trained image encoder neural network to 
ger train pulling into a train station . ” ) is a sentence describ- 60 the digital images 104 , 110. The trained image encoder 
ing the contents of the digital image 104 , while the caption neural network generates a feature vector corresponding to 
112 ( i.e. , “ A woman holding a tennis racket on a tennis the digital image 104 in a semantic space and also generates 
court . ” ) is a sentence describing the contents of the digital a feature vector corresponding to the digital image 110 in the 
image 110 . semantic space . The digital image captioning system then 

In relation to the embodiment of FIGS . 1A - 1B , the digital 65 applies a trained sentence decoder neural network ( i.e. , a 
image captioning system generates the captions 106 , 112 trained sentence decoder neural network trained as part of an 
utilizing a trained image encoder neural network and a adversarial auto - encoder ) to the feature vector correspond 
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ing to the digital image 104 and the feature vector corre- utilized to train a neural network . Similarly , the term “ train 
sponding to the digital image 110. Applying the sentence ing caption ” refers to a caption utilized to train a neural 
decoder neural network results in generating the caption 106 network . 
corresponding to the digital image 104 and the caption 112 As used herein , the term " adversarial classifier ” refers to 
corresponding to the digital image 110 . a digital classifier that determines a class corresponding to a 

Moreover , as shown , the digital image captioning system sample . In particular , the term “ adversarial classifier ” refers 
provides the captions 106 , 112 for presentation via the to a binary classifier that determines whether a sample 
computing device 100. Although FIGS . 1A - 1B illustrate corresponds to a positive class or a negative class . For 
providing the captions 106 , 112 for display , the digital image example , an adversarial classifier can predict whether a 
captioning system can provide the captions for presentation 10 sample corresponds to a positive class ( i.e. , a distribution of 

feature vectors reflecting plausible sentences in a language ) in a variety of different ways via the computing device 100 . 
For example , the digital image captioning system can pro or a negative class ( i.e. , a class of feature vectors generated 

by a sentence encoder neural network ) . vide the captions 106 , 112 audibly ( e.g. , utilize text - to As described in greater detail below , an adversarial clas speech software so that a user of the computing device 100 15 sifier can be utilized to train a neural network working can hear the captions 106 , 112 ) . Similarly , the digital image toward a conflicting goal . For example , an adversarial captioning system can provide the captions 106 , 112 for classifier can include a differential neural network training to presentation via a brail generator or other physical manifes differentiate between samples obtained from a distribution 
tation . Thus , as shown , the digital image captioning system of plausible sentences and working adversarially to 
can automatically generate a caption that corresponds to an 20 tence encoder neural network training to generate samples 
input digital image and provide the caption for presentation that are indistinguishable from a distribution of plausible 
via a computing device . sentences . In this manner , the differentiating neural network 

In addition to providing a caption via a computing device , and the sentence decoder neural network are “ adversarial ’ 
the digital image captioning system can utilize generated ( i.e. , working toward opposite goals ) . As the differential 
captions in a variety of other ways . For example , the digital 25 neural network becomes better at differentiating between 
image captioning system can store captions corresponding to positive and negative classes , the sentence decoder neural 
digital images and utilize the captions to search for digital network becomes better at generating sentences that are 
images . To illustrate , the digital image captioning system more difficult to distinguish ( i.e. , reflect the distribution of 
can conduct a word search query by analyzing captions of plausible sentences ) . In this manner , the adversarial classi 
digital images in a database of digital images . Similarly , the 30 fier constrains the model to generate feature vectors within a distribution of plausible linguistic expressions . digital image captioning system can generate captions for a The digital image captioning system utilizes an adver repository of digital images and provide the repository of sarial classifier to determine an adversarial loss . As used digital images with the captions for display ( e.g. , thumbnail herein , the term “ adversarial loss ” refers to a difference 
digital images with captions ) to assist a user in searching or 35 between a class predicted by an adversarial classifier and an organizing the repository of digital images . actual class . For example , if an adversarial classifier predicts As just mentioned , in one or more embodiments , the that a first sample corresponds to a positive class , the digital digital image captioning system trains a sentence encoder image captioning system determines an adversarial loss by 
neural network , sentence decoder neural network , and image comparing the predicted class ( i.e. , the positive class ) with 
encoder neural network and then utilizes the trained image 40 the sample's actual class . 
encoder neural network and sentence decoder neural net For example , in relation to FIG . 2 , the digital image 
work to generate a caption for an input digital image . FIG . captioning system utilizes the training sentences 210 
2 provides additional detail regarding training and utilizing together with the adversarial classifier 216 to train the 
an image encoder neural network , a sentence encoder neural sentence encoder neural network 212 and the sentence 
network , and a sentence decoder neural network in accor- 45 decoder neural network 214. Specifically , the digital image 
dance with one or more embodiments . captioning system utilizes the sentence encoder neural net 

Specifically , FIG . 2 illustrates two steps of training : ( 1 ) work 212 to transform the training sentences 210 into 
adversarial auto - encoder training 202 and ( 2 ) semantic simi- feature vectors in a semantic space . The digital image 
larity training 204. In particular , the adversarial auto - en- captioning system then provides the generated feature vec 
coder training 202 includes training a sentence encoder 50 tors from the training sentences 210 to the adversarial 
neural network 212 and a sentence decoder neural network classifier 216 together with sample feature vectors from a 
214 in conjunction with an adversarial classifier 216. More- ground - truth distribution of plausible sentences . The adver 
over , the semantic similarity training includes jointly train- sarial classifier 216 predicts classes corresponding to the 
ing an image encoder neural network 222 , the sentence features vectors . Specifically , the adversarial classifier 216 
encoder neural network 212 , and the sentence decoder 55 predicts whether each of the feature vectors corresponds to 
neural network 214 utilizing a semantic similarity constraint a positive class ( i.e. , reflect the ground - truth distribution of 
224. FIG . 2 also illustrates a step of input image caption plausible sentences ) or a negative class ( i.e. , reflect feature 
generation 206 resulting in creation of an image caption 208 . vectors generated by the sentence encoder neural network 
As shown in FIG . 2 , the step of adversarial auto - encoder 212 ) . The digital image captioning system then determines 

training 202 includes utilizing the training sentences 210 in 60 an adversarial loss ( i.e. , difference between the predicted 
conjunction with the sentence encoder neural network 212 , classes and the actual classes ) . The digital image captioning 
the sentence decoder neural network 214 , and the adversarial system then trains the sentence encoder neural network and 
classifier 216. As used herein , the term “ training sentence ” the sentence decoder neural network based on the adver 
refers to a sentence utilized to train a neural network . Indeed , sarial loss . 
as used herein , the adjective “ training ” refers to a manner of 65 In addition to utilizing an adversarial loss to train the 
utilizing data to teach , instruct , or train a neural network . For sentence encoder neural network 212 and the sentence 
example , the term “ training image ” refers to a digital image decoder neural network 214 , the digital image captioning 
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system also generates a first reconstruction loss as part of the from the generated feature vectors . The digital image cap 
adversarial auto - encoder training 202. For example , the tioning system then determines a second reconstruction loss 
digital image captioning system utilizes the sentence by comparing the predicted captions with the training cap 
encoder neural network 212 to generate feature vectors from tions 220. Moreover , the digital image captioning system 
the training sentences 210. The digital image captioning 5 can train the sentence encoder neural network and the 
system then utilizes the sentence decoder neural network sentence decoder neural network utilizing the second recon 
214 to generate predicted sentences from the feature vectors . struction loss . 
The digital image captioning system determines the first As shown in FIG . 2 , upon performing the step 204 , the 
reconstruction loss by comparing the predicted sentences digital image captioning system can also perform the step 
with the training sentences 210. Moreover , the digital image 10 206 of input image caption generation . In particular , as 
captioning system trains the sentence encoder neural net- shown , the digital image captioning system performs the 
work 212 and the sentence decoder neural network 214 step 206 by utilizing the image encoder neural network 222 
based on the determined first reconstruction loss . and the sentence decoder neural network 214. More specifi 
As shown in FIG . 2 , upon performing the step of adver- cally , the digital image captioning system applies the image 

sarial auto - encoder training 202 , the digital image caption- 15 encoder neural network 222 to an input digital image 226 to 
ing system also performs the step of semantic similarity generate a feature vector 228 in a semantic space . The digital 
training 204. In particular , as shown in FIG . 2 , the digital image captioning system then applies the sentence decoder 
image captioning system accesses training images 218 and neural network 214 to the feature vector 228 to generate the 
corresponding training captions 220. Moreover , the digital caption 208 . 
image captioning system utilizes the training images 218 20 Although FIG . 2 illustrates the step 202 and the step 204 
and the corresponding training captions 220 to train the as two individual steps performed a single time , in one or 
sentence encoder neural network 212 , the sentence decoder more embodiments , the digital image captioning system 
neural network 214 , and the image encoder neural network performs the steps 202 and 204 repeatedly ( and in different 
222 . orders ) . For example , in one or more embodiments , the 

In particular , in one or more embodiments , the digital 25 digital image captioning system repeatedly performs the step 
image captioning system utilizes training images with mul- 202 until the sentence encoder neural network and the 
tiple corresponding training captions . For example , in one or sentenced decoder neural network converge . Thereafter , the 
more embodiments , the digital image captioning system digital image captioning system iteratively performs both 
accesses the training images 218 , where each training image the step 202 and the step 204. Specifically , digital image 
has multiple ( e.g. , two , three , four , five or more ) correspond- 30 captioning system accesses a first data set of training images 
ing training captions . By utilizing multiple training captions and training captions and performs the step 204. The digital 
for each training image , the digital image captioning system image captioning system then accesses a second data set of 
can train the model to generate captions that reflect digital training sentences and performs the step 202. The digital 
image contents with a greater variety in stylistic expression image captioning system then accesses a third data set of 
and more accurate semantic meaning . 35 training images and training captions and performs the step 
As used herein , the term “ semantic similarity constraint ” 204. The digital image captioning system accesses a fourth 

refers to a limitation in training a neural network based on data set of training sentences and performs the step 202 , 
semantic similarity . In particular , the term “ semantic simi- repeating until the image encoder neural network 222 , the 
larity constraint ” includes a limitation in training a neural sentence encoder neural network 212 , and the sentence 
network that comprises comparing feature vectors in a 40 decoder neural network 214 converge . In this manner , the 
semantic space . For example , the term “ semantic similarity digital image captioning system can train the image encoder 
constraint ” includes a limitation in training a neural network neural network 222 , the sentence encoder neural network 
that compares feature vectors of a training images in a 212 , and the sentence decoder neural network 214 utilizing 
semantic space to feature vectors of training captions in a the adversarial classifier 216 and the semantic similarity 
semantic space . 45 constraint 224 . 

For example , in relation to FIG . 2 , the digital image Turning now to FIG . 3 , additional detail will be provided 
captioning system utilizes the image encoder neural network regarding utilizing an adversarial classifier to train a sen 
222 to generate feature vectors corresponding to the training tence encoder neural network and a sentence decoder neural 
images 218. The digital image captioning system also uti- network . In particular , FIG . 3 illustrates an example embodi 
lizes the sentence encoder neural network 212 to generate 50 ment of the step 202 of adversarial auto - encoder training . 
feature vectors corresponding to the training captions 220 . More particularly , as shown , FIG . 3 illustrates a step 320 for 
The digital image captioning system then imposes a seman- training a sentence decoder neural network , utilizing the 
tic similarity constraint on the resulting feature vectors . In training sentences and an adversarial classifier , to generate 
particular , the digital image captioning system determines a captions from feature vectors in a semantic space . 
semantic similarity loss between the feature vectors corre- 55 Indeed , as shown in FIG . 3 , the digital image captioning 
sponding to the training images 218 and the feature vectors system utilizes a training sentence 302 together with an 
corresponding to the training captions 220. Moreover , the adversarial classifier 316 to train a sentence encoder neural 
digital image captioning system trains the sentence encoder network 304 and a sentence decoder neural network 308 . 
neural network and the image encoder neural network to Specifically , the digital image captioning system generates 
minimize the semantic similarity loss . 60 adversarial losses 306b , 314b and a reconstruction loss 312 

In addition , the digital image captioning system can also and utilizes the adversarial losses 306b , 314b and the 
utilize a second reconstruction loss in the step of semantic reconstruction loss 312 to train the sentence encoder neural 
similarity training 204. For example , the digital image network 304 and the sentence decoder neural network 308 . 
captioning system utilizes the sentence encoder neural net- The digital image captioning system can utilize a variety 
work 212 to generate feature vectors from the training 65 of different sources to access the training sentence 302. For 
captions 220. The digital image captioning system utilizes example , in one or more embodiments , the digital image 
the sentence decoder neural network 214 to predict captions captioning system utilizes the BookCorpus dataset described 
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in Zhu , Y. , Kiros , R. , Zemel , R. , Salakhutdinov , R. , Urtasun , As shown in FIG . 3 , upon generating the predicted feature 
R. , Torralba , A. , & Fidler , S. , Aligning books and movies : vector 306 , the digital image captioning system utilizes the 
Towards story - like visual explanations by watching movies sentence decoder neural network 308 to generate a predicted 
and reading books , In Proceedings of the IEEE International sentence 310. The digital image captioning system can 
Conference on Computer Vision , 19-27 ( 2015 ) , the entire 5 utilize a variety of neural networks as the sentence decoder 
contents of which are hereby incorporated by reference . neural network 308 , including , for example , word - level 
BookCorpus contains 80 million sentences from books and recurrent neural networks and character - level recurrent neu 
movie subtitles . In addition to BookCorpus , the digital ral networks . For example , in one or more embodiments , the 
image captioning system can utilize any repository of sen- digital image captioning system utilizes character - level long 
tences for any variety of languages . short - term memory ( LSTM ) -based recurrent neural net 
Upon accessing the training sentence 302 , the digital work . 

image captioning system utilizes the sentence encoder neu- In one or more embodiments , the digital image captioning 
ral network 304 to predict a feature vector 306 from the system encodes the sentence character by character ( e.g. , 
training sentence 302. The digital image captioning system 15 utilizing one - hot encoding ) , and feeds the characters into the 
can utilize a variety of neural networks for the sentence recurrent neural networks . During the training , at each time 
encoder neural network 304. For example , the digital image step of the recurrent neural networks , the one - hot code of the 
captioning system can utilize word - level recurrent neural previous character is fed into the LSTM unit . Conditioned 
networks , word - level convolutional neural networks , and on the past generated characters ( i.e. , the hidden and output 
character - level convolutional neural networks . In this con- 20 layers of the recurrent neural network from the previous 
text , “ word - level ” and “ character - level ” refer to the level at steps ) , the LSTM unit predicts the character at the current 
which data is encoded when providing data to the neural time step . In this manner , the digital image captioning 
network . To illustrate , character - level means that the digital system trains the sentence decoder neural network 308 to 
image captioning system encodes each character in a sen- predict a sentence . Moreover , to improve performance , in 
tence . 25 one or more embodiments , the digital image captioning 

For example , in one or more embodiments , the digital system stacks two layers of LSTM . 
image captioning system encodes all characters utilizing In one or more embodiments , the digital image captioning 
one - hot coding ( i.e. , one - of - k coding that utilizes a single bit system utilizes a character - level convolutional neural net 
in a group of bits to reflect a character ) . To illustrate , the work as an encoder neural network together with a charac 
digital image captioning system can encode the letter “ A ” as 30 ter - level recurrent neural network as a decoder neural net 
00000000000000000000000001 and the character works . In one or more embodiments , this combination works 
00000000000000000000000010. Upon encoding all charac- the best ( i.e. , most efficiently and accurately ) among various 
ters in a sentence , the digital image captioning system can combinations in training for digital image captioning . 
feed the encoded sequence into a sentence encoder neural As shown in FIG . 3 , upon generating the predicted 
network ( for example , convolutional neural networks ) . 35 sentence 310 , the digital image captioning system deter 

Layers of the sentence encoder neural network 304 ana- mines the reconstruction loss 312. In particular , the digital 
lyze the encoded characters and generate a semantic repre- image captioning system determines the reconstruction loss 
sentation . In particular , different layers of the sentence 312 by comparing the predicted sentence 310 and the 
encoder neural network 304 analyze encoded characters of training sentence 302. The digital image captioning system 
a sentence at different levels of abstraction . Upon analyzing 40 can utilize a variety of loss functions to determine the 
the encoded characters , the sentence encoder neural network reconstruction loss 312. For example , the digital image 
304 generates a semantic representation of the training captioning system can apply a negative log - likelihood func 
sentence 302 . tion ( or a cosine distance function or Euclidean distance 

The digital image captioning system can utilize a variety function , etc. ) . 
of different neural network architectures for the sentence 45 The digital image captioning system then can utilize the 
encoder neural network 304. For example , in one or more reconstruction loss 312 to train the sentence encoder neural 
embodiments , the digital image captioning system utilizes a network 304 and the sentence decoder neural network 308 . 
network of six convolutional layers , where each of the For example , the digital image captioning system trains the 
convolution layers is followed by a max pooling layer and sentence encoder neural network 304 and the sentence 
a rectified linear activation function . The digital image 50 decoder neural network 308 to minimize the reconstruction 
captioning system can utilize these layers to analyze a loss 312 for the training sentence 302. By minimizing the 
training sentence and generate a feature vector . To illustrate , reconstruction loss 312 , the digital image captioning system 
in one or more embodiments , the digital image captioning trains the sentence encoder neural network 304 and the 
system utilizes the sentence encoder neural network 304 to sentence decoder neural network 308 to encode and generate 
generate a 500 - dimension feature vector in a semantic space . 55 predicted sentences similar to the training sentences . 
In this manner , the digital image captioning system gener- As shown in FIG . 3 , in addition to the reconstruction loss 
ates the predicted feature vector 306 , which encapsulates the 312 , the digital image captioning system also utilizes adver 
semantic meaning of the training sentence 302 in a semantic sarial losses to train the sentence encoder neural network 
space . 304 and sentence decoder neural network 308. In particular , 

Although the foregoing description illustrates feature vec- 60 the digital image captioning system utilizes the adversarial 
tors with particular dimensionalities , the digital image cap- classifier 316 to distinguish samples into classes and gen 
tioning system can utilize a variety of different feature erate the adversarial losses 306b , 314b . The digital image 
vectors with different dimensionalities . For example , rather captioning system then trains the sentence encoder neural 
than utilizing feature vectors with 500 dimensions , the network 304 based on the adversarial losses 306b , 314b . By 
digital image captioning system can utilize feature vectors 65 utilizing the adversarial loss in conjunction with the recon 
with different number of dimensions ( e.g. , a 2048 - dimen- struction loss , the digital image captioning system can learn 
sional feature vector or a 100 - dimensional feature vector ) . to extract the semantic meaning of the training sentence 302 
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and reconstruct the predicted sentence 310 with a similar 314a is incorrect , the adversarial loss 314b would be larger 
( but not identical ) semantic meaning . than if the predicted class 314a were correct . 
As illustrated , the adversarial classifier 316 is utilized as The digital image captioning system can also utilize the 

a binary classifier to distinguish between two classes . In adversarial loss 306b and / or the adversarial loss 314b to 
particular , the adversarial classifier 316 is utilized to distin- 5 train the adversarial classifier 316 and / or the sentence 
guish a positive class of training samples from a prior encoder neural network 304. For example , the digital image 
distribution and a negative class of generated samples . captioning system trains the adversarial classifier 316 to 

minimize the adversarial loss 306b and / or the adversarial Specifically , the adversarial classifier 316 seeks to predict 
whether a sample is generated from the sentence encoder loss 314b . In this manner , the digital image captioning 
neural network 304 ( i.e. , a negative sample ) or whether a 10 system trains the adversarial classifier 316 to better distin 
sample is drawn from a known distribution 313 ( i.e. , a guish between positive samples ( i.e. , samples from the 

distribution 313 ) and negative samples ( i.e. , predicted fea positive sample ) . Thus , in one or more embodiments , the ture vectors generated from the sentence encoder neural adversarial classifier 316 comprises a differential neural network ) network . For example , the adversarial classifier 316 can Moreover , the digital image captioning system can train include three layers of linear projection followed by a leaky the sentence encoder neural network 304 utilizing the adver rectified linear activation function . sarial loss 306b and / or the adversarial loss 314b . For 
To illustrate , FIG . 3 illustrates the digital image caption- example , the digital image captioning system trains the 

ing system providing the predicted feature vector 306 to the sentence encoder neural network 304 to maximize the 
adversarial classifier 316. The adversarial classifier 316 20 adversarial loss 306b and / or the adversarial loss 314b . In this 
seeks to determine whether the predicted feature vector 306 manner , the digital image captioning system trains the 
is a positive sample ( i.e. , a training representation from a sentence encoder neural network 304 to generate predicted 
prior distribution 313 ) or a negative sample ( i.e. , generated feature vectors that are difficult to distinguish from samples 
by the sentence encoder neural network 304 ) . Accordingly , from the prior distribution 313 . 
the adversarial classifier 316 generates a predicted class 25 As just described , the adversarial classifier 316 is adver 
306a corresponding to the predicted feature vector 306. For sarial to the sentence encoder neural network 304. In par 
example , the adversarial classifier 316 can predict that the ticular , the digital image captioning system trains the adver 
predicted feature vector 306 belongs to the negative class sarial classifier 316 to distinguish between feature vectors 
( i.e. , was generated by the sentence encoder neural network generated by the sentence encoder neural network 304 and 
304 ) . 30 training representations from the distribution 313. On the 

The digital image captioning system then generates the other hand , the digital image captioning system trains the 
adversarial loss 306b by comparing the predicted class 306a sentence encoder neural network 304 to predict feature 
with the actual class . For example , if the predicted class vectors that are not distinguishable from the distribution 
306a is incorrect , the adversarial loss 306b would be larger 313. Accordingly , as the digital image captioning system 
than if the adversarial predicted class 306a were correct . The 35 trains the sentence encoder neural network 304 and the 
digital image captioning system can utilize a variety of loss adversarial classifier 316 they both improve at their dispa 
measures for the adversarial loss 306b . For example , the rate functions . The result , is that the sentence encoder neural 
adversarial loss 306a can be binary ( i.e. , 0 if the predicted network 304 learns to generate predicted feature vectors that 
class is correct and 1 if the predicted class is incorrect ) . The correspond to the distribution 313. In this manner , the 
adversarial loss 306a can also comprise a gradient measure 40 adversarial classifier 316 acts as a constraint on the sentence 
( e.g. , based on the confidence or likelihood of the predicted encoder neural network 304 . 
class ) . Although FIG . 3 illustrates utilizing a training sentence to 

Similar , to the adversarial loss 306b ( generated based on generate both the reconstruction loss 312 and the adversarial 
the predicted feature vector 306 ) , the digital image caption- losses 306b , 314b ( and train the sentence encoder neural 
ing system can also generate the adversarial loss 314b based 45 network 304 and the sentence decoder neural network 308 ) , 
on the training representation 314. The training representa- in one or more embodiments , the digital image captioning 
tion 314 is a sample from the distribution 313. The distri- system utilizes different training phases that apply different 
bution 313 is a pre - defined distribution ( e.g. , a prior distri- training sentences to generate reconstruction losses and 
bution ) within semantic space . Specifically , the adversarial losses . For example , the digital image captioning 
distribution 313 is a Gaussian distribution within a semantic 50 system can utilize a first data set for a first phase that trains 
space where any sample can be decoded as a plausible the sentence encoder neural network 304 and the sentence 
sentence . decoder neural network 308 utilizing reconstruction losses . 
The digital image captioning system samples the training The digital image captioning system can utilize a second 

representation 314 ( i.e. , a training feature vector ) from the data set for a second phase that trains the sentence encoder 
distribution 313 and provides the training representation to 55 neural network 304 and the adversarial classifier 316 utiliz 
the adversarial classifier 316. The adversarial classifier 316 ing adversarial losses . Specifically , in the second phase , the 
then generates the predicted class 314a corresponding to the digital image captioning system can train the adversarial 
training representation 314. Specifically , the adversarial classifier 316 to discriminate between positive samples and 
classifier 316 predicts whether the training representation negative samples ( i.e. , minimize the adversarial loss ) and 
314 belongs to a positive class ( i.e. , is a sample from the 60 then train the sentence encoder neural network 304 to 
distribution 313 ) or a negative class ( i.e. , is a sample generate feature vectors that mirror training samples from 
generated from the sentence encoder neural network 304 ) . the distribution 313 ( i.e. , maximize adversarial loss ) . The 

The digital image captioning system then determines the digital image captioning system can iteratively repeat these 
adversarial loss 314b from the predicted class 314a . In acts to train the sentence encoder neural network 304 and the 
particular , the digital image captioning system generates the 65 sentence decoder neural network 308 . 
adversarial loss 314b by comparing the predicted class 314a Accordingly , as shown in FIG . 3 , the digital image 
with the actual class . For example , if the predicted class captioning system utilizes unsupervised text data ( e.g. , the 

a 
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training sentence 302 ) to train the adversarial auto - encoder Turning now to FIG . 4 , additional detail will be provided 
( i.e. , the sentence encoder neural network 304 and the regarding training an image encoder neural network . In 
sentence decoder neural network 308 ) through generative particular , FIG . 4 illustrates an exemplary embodiment of 
adversarial networks . Thus , the digital image captioning jointly training an image encoder neural network , a sentence 
system trains an adversarial auto - encoder to generate cap- 5 encoder neural network , and a sentence decoder neural 
tions from training sentences . network ( e.g. , the step 204 ) . Indeed , as shown , FIG . 4 

In one or more embodiments , the digital image captioning illustrates a step 420 of training an image encoder neural 
system can also perform additional acts to stabilize training . network utilizing training images , training captions , and a 
In particular , in one or more embodiments , the digital image semantic similarity constraint , to generate feature vectors in 
captioning system utilizes weight normalization and mini- 10 the semantic space . 
batch discrimination to stabilize training . Weight normal- In relation to FIG . 4 the digital image captioning system 
ization helps to ensure that the adversarial classifier 316 will utilizes a training image 402 and a corresponding plurality 
not fall into a trivial local optimal solution ( e.g. , always of training captions 412a - 412n . Specifically , the digital 
predict probability of 0.5 for all samples , whether positive or image captioning system generates a predicted image feature 
negative ) . The mini - batch discrimination makes sure that the 15 vector 406 from the training image 402 and the predicted 
sentence encoder neural network 304 will not map all caption feature vectors 416a - 416n from the training captions 
sentences into one point in semantic space ( which is also a 412a - 412n . The digital image captioning system then 
trivial solution ) . In particular , in one or more embodiments , imposes a semantic similarity constraint 418 to train an 
the digital image captioning system utilizes weight normal- image encoder neural network 404 and a sentence encoder 
ization and mini - batch discrimination , as described in Sali- 20 neural network 414. Moreover , the digital image captioning 
mans , T. , Goodfellow , I. , Zaremba , W. , Cheung , V. , Radford , system trains the image encoder neural network 404 and a 
A. , & Chen , X. , Improved Techniques for Training GANS , sentence decoder neural network 408 based on a reconstruc 
arXiv preprint arXiv : 1606.03498 ( 2016 ) , the entire contents tion loss 411 . 
of which are incorporated by reference . As just mentioned , in one or more embodiments , the 

In addition to the foregoing , the digital image captioning 25 digital image captioning system accesses training images 
system can also be described in terms of equations for with corresponding training captions . In particular , the digi 
performing functions via a computing device . For example , tal image captioning system can access training images , 
the digital image captioning system can utilize an adver- where each training image corresponds to a plurality of 
sarial classifier D ( z ) to determine an adversarial loss and training captions . Thus , in relation to the embodiment of 
train an adversarial auto - encoder . In particular , given a prior 30 FIG . 4 , the digital image captioning system utilizes the 
distribution p ( z ) ( e.g. , the distribution 313 ) , consider an training image 402 and the training captions 412a - 412n , 
encoder q ( z1x ) ( e.g. , the sentence encoder neural network where each of the training captions 412a - 412n describe the 
304 ) that is a deterministic function that generates a repre- contents of the training image 402 in a different manner . For 
sentation ( e.g. , the predicted feature vector 306 ) from input example , the training image 402 can include a digital image 
( e.g. , from training sentences ) . Moreover , consider a 35 of a beach and the training captions 412a - 412n can include 
decoder p ( x | Z ) ( e.g. , the sentence decoder neural network sentences describing the digital image , such as : “ Waves 
308 ) that reconstructs the input from the representation ( e.g. , crashing on a beach ” ; “ People playing on a beach ” ; “ Clear 
generates the predicted sentence 310 ) . day on the coast ” ; or “ Relaxing day at the beach . " 

In one or more embodiments , the digital image captioning The digital image captioning system can utilize a variety 
system utilizes an adversarial classifier D ( z ) ( e.g. , the adver- 40 of data sets to access training images and corresponding 
sarial classifier 316 ) . The adversarial classifier D ( z ) , is a training captions . For example , in one or more embodi 
binary classifier used to distinguish negative samples q ( z ) ments , the digital image captioning system utilizes 
from positive samples p ( z ) . The adversarial classifier is MSCOCO , which contains 80,000 training images and each 
composed of a two - layer feed - forward neural network , in image is paired with 5 training captions . In other embodi 
which each layer is followed by a batch normalization layer 45 ments , the digital image captioning system utilizes the 
and a ReLU activation function . ADOBE® STOCK® dataset , which includes a large reposi 

The adversarial classifier D ( z ) aims to enforce the aggre- tory of digital images and corresponding captions . 
gated posterior distribution of qz - S9 . ( zlxp_x ) dx to be As shown in FIG . 4 , the digital image captioning system 
similar with the prior distribution of p ( z ) . The general generates the reconstruction loss 411 utilizing the image 
objective function is : 50 encoder neural network 404 and the sentence decoder neural 

network 408. In particular , the digital image captioning 
L ( 0,0,6 ) = Epczy [ log D ( z ) ] + Epqr ) [ log ( ( 1 system utilizes the image encoder neural network 404 to D_Q_ ( zlx ) } } ] + Egyz1x ) [ log Pe ( xlz ) ] analyze the training image 402 and generate the predicted 

The combination of the first two terms is the binary image feature vector 406. The digital image captioning 
classification error in the adversarial classifier ( e.g. , the 55 system then utilizes the sentence decoder neural network 
adversarial losses 306b , 314b ) and the third term is the 408 to analyze the predicted image feature vector 406 and 
reconstruction error ( e.g. , the reconstruction loss 312 ) . As generates predicted caption ( s ) 410 for the training image 
used in this equation , à is a mixing constant ( i.e. , a trade - off 402. By comparing the predicted caption ( s ) 410 and one or 
value ) . For example , in one or more embodiments , the more of the plurality of training captions 412a - 412n , the 
digital image captioning system sets à to be 1 ( or 0 or 60 digital image captioning system can generate the reconstruc 
another value between 0 and 1 ) . The training for one tion loss 411 . 
iteration can be decomposed into two phase . In the first As shown , the image encoder neural network 404 ana 
phase , the digital image captioning system updates the lyzes features of the training image 402 and generates the 
parameters in the discriminator D to maximize the objective predicted image feature vector 406. The digital image cap 
function . Then in the second phase , the digital image cap- 65 tioning system can utilize an image encoder neural network 
tioning system updates the parameters in encoder q ( zlx ) and with a variety of different architectures . For example , in one 
decoder p ( x | z ) to minimize the objective function . or more embodiments , the digital image captioning system 
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utilizes Residual Nets as described by He , K. , Zhang , X. , training captions 412a - 412n . The digital image captioning 
Ren , S. , & Sun , J. , Identity Mappings In Deep Residual system then applies the semantic similarity constraint 418 to 
Networks , arXiv preprint arXiv : 1603.05027 ( 2016 ) , the the predicted image feature vector 406 and the predicted 
entire contents of which are incorporated by reference caption feature vectors 416a - 416n . 
herein . In particular , the digital image captioning system can In one or more embodiments , the digital image captioning 
utilize Residual Nets to extract image features from an input system applies the semantic similarity constraint 418 by 
digital image . Moreover , in one or more embodiments , the determining a semantic similarity loss between the predicted 
digital image captioning system utilizes Residual Nets , and image feature vector 406 and the predicted caption feature 
adds two layers of linear transformations followed by rec- vectors 416a - 416n . For example , the digital image caption 
tified linear activation functions to embed the extracted 10 ing system determines a semantic similarity loss by com 
features of the input digital images in a semantic space . paring the predicted image feature vector 406 and the 

For example , the digital image captioning system can predicted caption feature vectors 416a - 416n . The digital 
utilize Residual Nets to generate a 2048 - dimensional feature image captioning system then trains the image encoder 
vector for each image . The digital image captioning system neural network 404 and the sentence encoder neural network 
can train one or more additional layers to project these 2048 15 414 based on the semantic similarity loss . Specifically , the 
dimensions into a low - dimensional semantic space . In par- digital image captioning system trains the image encoder 
ticular , the digital image captioning system can utilize an neural network 404 and the sentence encoder neural network 
additional layer to project the 2048 - dimension feature vector 414 by minimizing the semantic similarity loss . 
to a 500 - dimension feature vector in a semantic space . In By minimizing the semantic similarity loss , the digital 
this manner , the digital image captioning system can utilize 20 image captioning system trains the image encoder neural 
the sentence encoder neural network 304 to generate the network 404 to generate feature vectors from training 
predicted feature vector 306. As mentioned above , although images that are semantically similar to the training captions . 
the foregoing description illustrates feature vectors with Moreover , the digital image captioning system trains the 
particular dimensionalities , the digital image captioning sentence encoder neural network 414 to generate feature 
system can utilize a variety of different feature vectors with 25 vectors that are semantically similar to the contents of the 
different dimensionalities training image . In this manner , the digital image captioning 

Moreover , as described previously , the digital image system can jointly train image and language modeling by 
captioning system can also utilize the sentence decoder tying the features of training images to training captions in 
neural network 408 ( e.g. , an exemplary embodiment of the a semantic space . Thus , if two images are similar in terms of 
sentence decoder neural network 308 ) to predict sentences 30 content , their captions will be closely related . Moreover , for 
( i.e. , captions ) from the predicted image feature vector 406 . the same image , different captions will be similar in terms of 
In particular , the digital image captioning system can utilize semantics . Accordingly , the digital image captioning system 
the sentence decoder neural network 408 to generate the applies the semantic similarity constraint 418 to encourage 
predicted caption ( s ) 410 for the training image 402 . similarity between the image features and text features from 
Upon generating the predicted caption ( s ) 410 , the digital 35 an image - caption pair and to encourage similarity between 

image captioning system also determines the reconstruction text features of different captions of the same image . 
loss 411. Specifically , the digital image captioning system Although FIG . 4 illustrates utilizing the training image 
determines the reconstruction loss 411 by comparing the 402 and the corresponding training captions 412a - 412n to 
predicted caption ( s ) 410 with one or more of the training generate both the reconstruction loss 411 and a semantic 
captions 412a - 412n . The digital image captioning system 40 similarity loss ( as part of the semantic similarity constraint 
can utilize a variety of loss functions to determine the 418 ) , in one or more embodiments , the digital image cap 
reconstruction loss 411. For instance , the digital image tioning system utilizes different training phases that apply 
captioning system can utilize a negative log - likelihood func- different training images and training captions to generate 
tion ( or a cosine distance function or Euclidean distance reconstruction losses and semantic similarity losses . For 
function , etc. ) . 45 example , the digital image captioning system can utilize a 
The digital image captioning system then utilizes the first mini - data set for a first phase that trains the image 

reconstruction loss 411 to train the image encoder neural encoder neural network 404 and the sentence decoder neural 
network 404 and the sentence decoder neural network 408 . network 408 based on a reconstruction loss . Moreover , the 
For example , the digital image captioning system trains the digital image captioning system can utilize a second mini 
image encoder neural network 404 and the sentence decoder 50 date set for a second phase that trains the image encoder 
neural network 408 to minimize the reconstruction loss 411 . neural network and the sentence encoder neural network 414 
By minimizing the reconstruction loss 411 , the digital image based on a semantic similarity loss . The digital image 
captioning system trains the image encoder neural network captioning system can iteratively repeat these phases to 
404 and the sentence decoder neural network to generate jointly train the image encoder neural network the sentence 
captions training images that reflect the contents of the 55 decoder neural network 408 , and the sentence encoder 
training image . neural network 414 . 

In addition to training the image encoder neural network FIGS . 3 and 4 separately illustrate training a model 
404 based on the reconstruction loss 411 , the digital image utilizing an adversarial classifier and training a model uti 
captioning system can also train the image encoder neural lizing a semantic similarity constraint ( e.g. , the steps 202 
network 404 based on the semantic similarity constraint 418. 60 and 204 ) . As discussed above , in one or more embodiments , 
Indeed , as shown in FIG . 4 , the digital image captioning the digital image captioning system can iteratively train 
system utilizes the sentence encoder neural network 414 utilizing an adversarial classifier and semantic similarity 
( e.g. , an exemplary embodiment of the sentence encoder constraint ( e.g. , iteratively perform the steps 202 and 204 ) . 
neural network 304 ) to generated feature vectors . Specifi- For example , FIG . 5 illustrates an exemplary training strat 
cally , the digital image captioning system utilizes the sen- 65 egy in accordance with one or more embodiments . 
tence encoder neural network 414 to generate predicted Specifically , FIG . 5 illustrates performing a first training 
caption feature vectors 416a - 416n corresponding to the stage 502. At the first training stage 502 the digital image 
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captioning system repeatedly utilizes batches of training volution layers and the pooling layers are going across the 
sentences to perform adversarial auto - encoder training ( as time , which means the operations are temporal . 
described in relation to FIG . 3 ) . In particular , the digital FIG . 6C illustrates the sentence decoder neural network 
image captioning system utilizes batches of training sen- 606. As shown , the sentence decoder neural network 606 
tences from the BookCorpus training sent to train a sentence 5 transforms a feature vector 616 into a caption 618. The 
encoder neural network and a sentence decoder neural sentence decoder neural network 606 illustrated in FIG . 6C 
network utilizing an adversarial classifier . As shown in FIG . is a character - level recurrent neural network . Specifically , 
5 , after determining that the adversarial auto - encoder con- the neural network illustrated is a character - level long short 
verges ( i.e. , a certain number of iterations or the solution term memory ( LSTM ) -based recurrent neural network . As 
converges to within a particular tolerance ) , the digital image 10 shown , the sentence decoder neural network 606 consists of 
captioning system performs the second training stage 504 . an input layer , a hidden layer , and an output layer . At each 
As shown , the second training stage 504 alternates time step , the digital image captioning system analyzes the 

between training the adversarial auto - encoder ( e.g. , as previous time step's hidden layer and outputs at as part of 
described in relation to FIG . 3 ) and semantic similarity the input to the next time step's hidden layer . 
training ( e.g. , as described in relation to FIG . 4 ) . Specifi- 15 Turning now to FIG . 7 , additional detail is provided 
cally , the digital image captioning system accesses a batch regarding components and capabilities of one embodiment 
of training sentences and utilizes the batch of training of the digital image captioning system . In particular , FIG . 7 
sentences to train the adversarial auto - encoder . The digital illustrates an embodiment of an exemplary digital image 
image captioning system then accesses a batch of joint captioning system 700 ( e.g. , the digital image captioning 
training images and training sentences and jointly trains the 20 system referenced above ) implemented by a computing 
image encoder neural network , the sentence encoder neural device 701. Example computing devices are described 
network , and the sentence decoder neural network . The below in relation to FIG . 11. As shown , the digital image 
digital image captioning system repeats this process ( itera- captioning system 700 may include , but is not limited to an 
tively performing adversarial auto - encoder training and adversarial auto - encoder training engine 702 , a semantic 
semantic similarity training ) until the model converges ( i.e. , 25 similarity training engine 704 , a caption generator 706 , and 
a certain number of iterations or the solution converges to a storage manager 708 ( comprising a sentence encoder 
within a particular tolerance ) . neural network 708a , a sentence decoder neural network 
As mentioned above , the digital image captioning system 708b , an image encoder neural network 708c , training 

can utilize neural networks of a variety of different archi- sentences 708d , training images and training captions 708e , 
tectures . FIGS . 6A - 6C illustrate exemplary architectures of 30 input digital images 708f , and captions 708g ) . 
different neural networks utilized by the digital image cap- As just mentioned , and as illustrated in FIG . 7 , the digital 
tioning system in accordance with one or more embodi- image captioning system 700 may include the adversarial 
ments . In particular , FIG . 6A illustrates an exemplary archi- auto - encoder training engine 702. The adversarial auto 
tecture of an image encoder neural network 602 , FIG . 6B encoder training engine 702 can train , teach , or instruct a 
illustrates an exemplary architecture of a sentence encoder 35 sentence encoder neural network and a sentence decoder 
neural network 604 , and FIG . 6C illustrates an exemplary neural network utilizing an adversarial classifier . In particu 
architecture of a sentence decoder neural network 606 . lar , the adversarial auto - encoder training engine 702 can 

For example , FIG . 6A illustrates the image encoder neural train a sentence encoder neural network and a sentence 
network 604. As shown , the image encoder neural network decoder neural network based on an adversarial loss and / or 
602 receives an input digital image 608 and generates a 40 a reconstruction loss . To illustrate , the adversarial auto 
feature vector 610. As mentioned , in one or more embodi- encoder training engine 702 can utilize training sentences to 
ments , the digital image captioning system transforms the train a sentence encoder neural network ( to generate feature 
input digital image 608 into a plurality of image features vectors in a semantic space from an input digital image ) and 
utilizing a Residual Net . Thus , the input digital image 608 train a sentence decoder neural network ( to generate cap 
can include a raw digital image or a plurality of image 45 tions from feature vectors in the semantic space ) . 
features generated by the Residual Net . For example , as described above , the adversarial auto 
As shown , the image encoder neural network generates encoder training engine 702 can access a batch of training 

the feature vector 610 from the input digital image 608 sentences . The adversarial auto - encoder training engine 702 
utilizing two linear projection layers . In particular , the can utilize the sentence encoder neural network to generate 
digital image captioning system utilizes two linear projec- 50 a feature vector in a semantic space and utilize the sentence 
tion layers followed by a rectified linear activation function . decoder neural network to generate a sentence from the 
Utilizing the two linear projection layers and the rectified feature vector . The adversarial auto - encoder training engine 
linear activation function , the image encoder neural network 702 can determine a reconstruction loss by comparing the 
generates the feature vector 610 . generated sentence to the training sentence . Moreover , the 

In addition , FIG . 6B illustrates the sentence encoder 55 adversarial auto - encoder training engine 702 can train the 
neural network 604. As shown , the sentence encoder neural sentence encoder neural network and the sentence decoder 
network 604 generates a feature vector 614 from a sentence neural network based on the reconstruction loss . 
612. The sentence encoder neural network 604 of FIG . 6B In addition to reconstruction loss , the adversarial auto 
is a convolutional neural network ( i.e. , a character - level encoder training engine 702 can also train utilizing an 
convolutional neural network ) . Specifically , the sentence 60 adversarial loss . In particular , the adversarial auto - encoder 
encoder neural network 604 utilizes a plurality of convolu- training engine 702 can utilize an adversarial classifier to 
tion layers and max - pooling layers followed by fully - con- analyze the generated feature vector . Specifically , the adver 
nected layers to generate the feature vector 614. More sarial auto - encoder training engine 702 can utilize an adver 
specifically , the sentence encoder neural network 604 sarial classifier to predict whether the generated feature 
includes six convolutional layers , where each of the convo- 65 corresponds to a positive class ( i.e. , a class of samples drawn 
lutional layers is followed by a max - pooling layer and a from a known distribution ) or a negative class ( i.e. , a class 
rectified linear activation function . Moreover , all the con- of samples generated by the sentence encoder neural net 
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work ) . The adversarial auto - encoder training engine 702 can work 708C ( e.g. , a neural network that generates feature 
generate an adversarial loss by comparing the predicted vectors from an input digital image ) , training sentences 708d 
class with the actual class of the generated feature vector . ( e.g. , a repository of sentences , such as BookCorpus ) , train 
Moreover , the adversarial auto - encoder training engine 702 ing images and training captions 708e ( a repository of 
can train the sentence encoder neural network and the 5 training images and corresponding captions , such as 
adversarial classifier based on the determined adversarial MSCOCO ) , input digital images 708f ( e.g. , digital images 
loss . received without captions ) , and captions 708g ( e.g. , captions 
As shown in FIG . 7 , in addition to the adversarial auto- generated for the input digital images 708 / ) . 

encoder training engine 702 , the digital image captioning Each of the components 702-708 of the digital image 
system 700 can also include the semantic similarity training 10 captioning system 700 ( as shown in FIG . 7 ) may be in 
engine 704. The semantic similarity training engine 704 can communication with one another using any suitable com 
train , teach , or instruct an image encoder neural network munication technologies . It will be recognized that although 
( together with a sentence encoder neural network and / or a components 702-708 of the digital image captioning system 
sentence decoder neural network ) based on a semantic 700 are shown to be separate in FIG . 7 , any of components 
similarity constraint . To illustrate , the semantic similarity 15 702-708 may be combined into fewer components , such as 
training engine 704 can access training images and corre- into a single facility or module , divided into more compo 
sponding training captions and train an image encoder nents , or configured into different components as may serve 
neural network ( to generate feature vectors from an input a particular embodiment . 
digital image ) , a sentence encoder neural network ( to gen- The components 702-708 of the digital image captioning 
erate feature vectors from a sentence ) , and a sentence 20 system 700 can comprise software , hardware , or both . For 
decoder neural network ( to generate captions from a feature example , the components 702-708 can comprise one or 
vector ) . more instructions stored on a computer - readable storage 

For example , as described above , the semantic similarity medium and executable by proce sors of one or more 
training engine 704 can utilize the image encoder neural computing devices . When executed by the one or more 
network to predict image feature vectors from training 25 processors , the computer - executable instructions of the digi 
images and utilize the sentence encoder neural network to tal image captioning system 700 can cause a client device 
predict caption feature vectors from the training captions . and / or a server device to perform the methods described 
The semantic similarity training engine 704 can then apply herein . Alternatively , the components 702-708 and their 
a semantic similarity constraint ( i.e. , minimize a semantic corresponding elements can comprise hardware , such as a 
similarity loss ) across the caption feature vectors and the 30 special purpose processing device to perform a certain 
image feature vectors . function or group of functions . Additionally , the components 

The semantic similarity training engine 704 can also train 702-708 can comprise a combination of computer - execut 
utilizing a reconstruction loss . For instance , the semantic able instructions and hardware . 
similarity training engine 704 can utilize the image encoder Furthermore , the components 702-708 may , for example , 
neural network to predict image feature vectors from train- 35 be implemented as one or more operating systems , as one or 
ing images and the sentence decoder neural network to more stand - alone applications , as one or more modules of an 
predict captions from the image feature vectors . The seman- application , as one or more plug - ins , as one or more library 
tic similarity training engine 704 can then determine a functions or functions that may be called by other applica 
reconstruction loss by comparing the predicted captions with tions , and / or as a cloud - computing model . Thus , the com 
the training captions . The semantic similarity training 40 ponents 702-708 may be implemented as a stand - alone 
engine 704 can then train the image encoder neural network application , such as a desktop or mobile application . Fur 
and the sentence decoder neural network based on the thermore , the components 702-708 may be implemented as 
reconstruction loss . one or more web - based applications hosted on a remote 
As shown in FIG . 7 , the digital image captioning system server . The components 702-708 may also be implemented 

700 also includes the caption generator 706. The caption 45 in a suit of mobile device applications or “ apps . ” To illus 
generator 706 can identify , determine , generate , create , trate , the components 702-708 may be implemented in an 
and / or provide one or more captions for an input digital application , including but not limited to ADOBE ACRO 
image . In particular , as described above , the caption gen- BAT software , ADOBE EXPERIENCE MANAGER soft 
erator 706 can utilize a trained image encoder neural net- ware , ADOBE STOCK software , ADOBE PHOTOSHOP 
work to analyze an input digital image and generate a feature 50 software or ADOBE ILLUSTRATOR software . “ ADOBE , ” 
vector in a semantic space . The caption generator 706 can “ ACROBAT , ” “ EXPERIENCE MANAGER , ” “ STOCK , ” 
also utilize a trained sentence decoder neural network to “ PHOTOSHOP , " and “ ILLUSTRATOR , ” are either regis 
generate a caption from the feature vector in the semantic tered trademarks or trademarks of Adobe Systems Incorpo 
space . The caption generator 706 can provide captions for rated in the United States and / or other countries . 
presentation via a computing device ( e.g. , provide for dis- 55 FIG . 8 illustrates a schematic diagram of one embodiment 
play ) . The caption generator 706 can also utilize captions to of an exemplary environment 800 in which the digital image 
label , search , or identify digital images . captioning system 700 can operate . In one or more embodi 

Moreover , as illustrated in FIG . 7 , the digital image ments , the exemplary environment 800 includes one or more 
captioning system 700 also includes the storage manager client devices 802a , 802b , ... 802n , a network 804 , and 
708. The storage manager 708 maintains data to perform the 60 server ( s ) 806. The network 804 may be any suitable network 
functions of the digital image captioning system 700. As over which the computing devices can communicate . 
illustrated , the storage manager 708 includes the sentence Example networks are discussed in more detail below with 
encoder neural network 708a ( e.g. , a character - level convo- regard to FIG . 11 . 
lutional neural network that generates feature vectors from As illustrated in FIG . 8 , the environment 800 may include 
a sentence ) , a sentence decoder neural network 708b ( e.g. , a 65 client devices 802a - 802n . The client devices 802a - 802n 
character - level recurrent neural network that generates cap- may comprise any computing device . For instance , in one or 
tions from feature vectors ) , an image encoder neural net- more embodiments , one or more of the client devices 
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8020-802n comprise one or more computing devices By way of example , in one or more embodiments , the 
described below in relation to FIG . 11 . server ( s ) 806 access a plurality of training sentences and a 

In addition , the environment 800 may also include the plurality of training images with corresponding training 
server ( s ) 806. The server ( s ) 806 may generate , store , captions . The server ( s ) 806 utilize the training sentences to 
receive , and transmit any type of data , including the sen- 5 train a sentence encoder neural network and a sentence 
tence encoder neural network 708a , the sentence decoder decoder neural network utilizing an adversarial classifier and 
neural network 708b , the image encoder neural network the training sentences . Moreover , the server ( s ) 806 training 
7080 , the training sentences 708d , the training images and an image encoder neural network , the sentence encoder 
training captions 708e , the input digital images 708f , and the neural network , and the sentence decoder neural network 
captions 708g . For example , the server ( s ) 806 may transmit 10 utilizing a semantic similarity constraint , the training 
data to a client device , such as the client device 802a . The images , and the corresponding training captions . Upon train 
server ( s ) 806 can also transmit electronic messages between ing the image encoder neural network and the sentence 
one or more users of the environment 800. In one example decoder neural network , the server ( s ) 806 receive from the 
embodiment , the server ( s ) 806 comprise a content server . client device 802a a request for a caption for an input digital 
The server ( s ) 806 can also comprise a communication server 15 image ( e.g. , an input digital image managed by the image 
or a web - hosting server . Additional details regarding the management system 808 ) . The server ( s ) 806 utilize the 
server ( s ) 806 will be discussed below with respect to FIG . image encoder neural network to generate a feature vector of 
11 . the input digital image in a semantic space . The server ( s ) 
As shown in FIG . 8 , the server ( s ) can include an image 806 also utilize the sentence decoder neural network to 

management system 808. The image management system 20 generate a caption for the input digital image from the 
808 can include an implementation of software , hardware , or feature vector in the semantic space . The server ( s ) 806 then 
both for managing one or more digital images . For example , provide the generated caption to the client device 802a . 
in one or more embodiments , the image management system FIGS . 1-8 , the corresponding text , and the examples , 
808 comprises software ( such as ADOBE STOCK software ) provide a number of different systems and devices for 
that maintains . manages , and / or provides a repository of 25 rendering digital images of a virtual environment utilizing 
digital images for utilization by a plurality of client devices . full path space learning . In addition to the foregoing , 
Similarly , in one or more embodiments , the image manage- embodiments can also be described in terms of flowcharts 
ment system 808 comprises software that manages digital comprising acts in a method for accomplishing a particular 
images captured by a client device and stored at the server ( s ) result . For example , FIGS . 9-10 illustrate flowcharts of 
806 . 30 exemplary methods in accordance with one or more embodi 
As illustrated , in one or more embodiments , the server ( s ) ments . The methods described in relation to FIGS . 9-10 may 

806 ( and / or the image management system 808 ) can include be performed with less or more acts or the acts may be 
all , or a portion of , the digital image captioning system 700 . performed in differing orders . Additionally , the acts 
In particular , the digital image captioning system 700 can described herein may be repeated or performed in parallel 
comprise an application running on the server ( s ) 806 ( as part 35 with one another or in parallel with different instances of the 
of the image management system 808 ) or a portion of a same or similar steps / acts . 
software application that can be downloaded from the FIG . 9 illustrates a flowchart of a series of acts in a 
server ( s ) 806. For example , the digital image captioning method 900 of training a digital model to generate captions 
system 700 can include a web hosting application that reflecting digital image contents . In one or more embodi 
allows the client devices 802a - 802n to interact with content 40 ments , the method 900 is performed in a digital medium 
hosted at the server ( s ) 806. To illustrate , in one or more environment that includes the digital image captioning sys 
embodiments of the exemplary environment 800 , one or tem 700. The method 900 is intended to be illustrative of one 
more client devices 802a - 802n can access a webpage sup- or more methods in accordance with the present disclosure , 
ported by the server ( s ) 806. In particular , the client device and is not intended to limit potential embodiments . Alter 
802a can run an application to allow a user to access , view , 45 native embodiments can include additional , fewer , or dif 
and / or interact with a webpage or website hosted at the ferent steps than those articulated in FIGS . 9-10 . 
server ( s ) 806 . As illustrated in FIG . 9 , the method 900 includes an act 

Although FIG . 8 illustrates a particular arrangement of the 910 of training a sentence encoder neural network . More 
client devices 802a - 802n , the network 804 , and the server ( s ) particularly , as shown , the act 910 can include the act 910a 
806 , various additional arrangements are possible . For 50 of generating a predicted feature vector of a training sen 
example , while FIG . 8 illustrates multiple separate client tence and the act 910b of applying an adversarial classifier 
devices 802a - 802n communicating with the server ( s ) 806 to the predicted feature vector . 
via the network 804 , in one or more embodiments a single More specifically , in one or more embodiments , the act 
client device may communicate directly with the server ( s ) 910a includes generating , utilizing the sentence encoder 
806 , bypassing the network 804 . 55 neural network , a predicted feature vector of a training 

Similarly , although the environment 800 of FIG . 8 is sentence in a semantic space . For example , the sentence 
depicted as having various components , the environment encoder network can include a character - level convolutional 
800 may have additional or alternative components . For neural network . 
example , the digital image captioning system 700 can be Moreover , as mentioned above , the act 910 also includes 
implemented on a single computing device . In particular , the 60 the act 9106 of applying an adversarial classifier to the 
digital image captioning system 700 may be implemented in predicted feature vector . In particular , the act 910b can 
whole by the client device 802a or the digital image cap- include applying an adversarial classifier to the predicted 
tioning system 700 may be implemented in whole by the feature vector to constrain the sentence encoder neural 
server ( s ) 806. Alternatively , the digital image captioning network to regions of the semantic space that can be decoded 
system 700 may be implemented across multiple devices or 65 to viable sentences . For example , in one or more embodi 
components ( e.g. , utilizing the client devices 802a - 802n and ments , the act 910 can include predicting , utilizing the 
the server ( s ) 806 ) . adversarial classifier , a first classification of the predicted 
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feature vector , wherein the predicted feature vector corre- Furthermore , in one or more embodiments , the method 
sponds to a negative class ; generating an adversarial clas- 900 also includes utilizing the sentence decoder neural 
sification loss by comparing the first predicted classification network and the image encoder neural network to generate 
with the negative class ; and training the sentence encoder a caption for an input digital image . Moreover , the method 
neural network based on the adversarial classification loss . 5 900 can also include initially training the sentence encoder 

In addition , the act 910a can also include predicting , neural network utilizing a plurality of training sentences and 
utilizing the adversarial classifier , a second classification of then alternating between training the sentence encoder neu 
a training representation from a prior distribution , wherein ral network with additional training sentences and the image 

encoder neural network with additional training images the training representation corresponds to a positive class . 
For instance , in one or more embodiments , generating the 10 corresponding to additional training captions . FIG . 10 illustrates a flowchart of a series of acts in a adversarial classification loss comprises comparing the sec method 1000 of generating captions reflecting digital image ond predicted classification with the positive class . contents . As shown , the method 1000 includes an act 1010 Furthermore , in one or more embodiments , the act 910 of accessing an input digital image , an image encoder neural also includes generating , utilizing a sentence decoder neural 15 network , and an image decoder neural network . In particu network , a predicted caption from the predicted feature lar , the act 1010 can comprise accessing an image encoder 
vector in the semantic space ; determining a reconstruction neural network trained to generate , from digital images , 
loss by comparing the predicted caption with the training feature vectors in a semantic space , wherein the image 
sentence ; and training the sentence encoder neural network encoder neural network is trained utilizing training images 
and the sentence decoder neural network based on the 20 and corresponding training captions . For instance , in one or 
reconstruction loss . For instance , in one or more embodi- more embodiments , the image encoder neural network is 
ments , the sentence decoder neural network comprises at trained by applying a semantic similarity constraint , wherein 
least one of : a character - level convolutional neural network applying a semantic similarity constraint comprises com 
or a character - level recurrent neural network . paring feature vectors generated by the sentence encoder 

In addition , as shown in FIG . 9 , the method 900 can also 25 neural network from the training captions with feature 
include the act 920 of training an image encoder neural vectors of the training images generated by the image 
network . As illustrated , the act 920 can include the act 920a encoder neural network . 
of generating a predicted image feature vector based on a Moreover , the act 1010 can also include accessing a 
training image , the act 920b of generating a plurality of sentence decoder neural network trained to generate sen 
predicted feature vectors based on a plurality of training 30 tences from generated feature vectors in the semantic space , 
captions , and the act 920c of applying a semantic similarity wherein the sentence decoder neural network is trained 
constraint . utilizing an adversarial classifier and a plurality of training 
More specifically , in one or more embodiments , the act sentences . For instance , in one or more embodiments , the 

920a includes generating , utilizing the image encoder neural sentence decoder neural network is trained together with the 
network , a predicted image feature vector in the semantic 35 image encoder neural network based on the training images 
space from a training image , wherein the training image and the corresponding training captions . Furthermore , in one 
corresponds to a plurality of training captions . Indeed , in one or more embodiments , the act 1010 also includes accessing 
or more embodiments , each training image corresponds to at a sentence encoder neural network trained to generate fea 
least three training captions . ture vectors from training sentences . 
Moreover , as mentioned above , the act 920 can also 40 In addition , as illustrated in FIG . 10 , the method 1000 also 

include the act 920b of generating a plurality of predicted includes an act 1020 of generating , utilizing the image 
feature vectors based on a plurality of training captions . In encoder neural network , a feature vector of the input image . 
particular , in one or more embodiments , the act 920b In particular , the act 1020 can include generating , utilizing 
includes generating , utilizing the sentence encoder neural the image encoder neural network , a feature vector of an 
network , a plurality of predicted feature vectors based on the 45 input digital image in the semantic space . For example , in 
plurality of training captions one or more embodiments , the feature vector in the semantic 

In addition , as shown in FIG . 9 , the act 920 can also space encapsulates a semantic meaning of the input digital 
include the act 920c of applying a semantic similarity image . 
constraint . In particular , the act 920c can include applying a As shown in FIG . 10 , the method 1000 also includes an 
semantic similarity constraint by comparing the plurality of 50 act 1030 of generating , utilizing the sentence decoder neural 
predicted feature vectors based on the plurality of training network , a caption based on the feature vector . In particular , 
captions with the predicted image feature vector . the act 1030 can include generating , utilizing the sentence 

In one or more embodiments , the act 920 also includes decoder neural network , a caption for the input digital image 
jointly training the image neural network , the sentence based on the feature vector . 
encoder neural network , and the sentence decoder neural 55 Moreover , in one or more embodiments , the method 1000 
network . For instance , the act 920 can include determining also includes providing the generated caption for presenta 
a semantic similarity loss based on the comparison between tion to a user together with the input digital image . For 
the plurality of predicted feature vectors and the predicted instance , the method 1000 can include providing the gen 
image feature vector ; generating , utilizing the sentence erated caption for display , providing the caption audibly , or 
decoder neural network , a predicted caption corresponding 60 providing the generated caption for display with the input 
to a training caption of the plurality of training captions ; digital image . 
determining a reconstruction loss by comparing the pre- Embodiments of the present disclosure may comprise or 
dicted caption and the training caption ; training the image utilize a special purpose or general - purpose computer 
encoder neural network and the sentence encoder neural including computer hardware , such as , for example , one or 
network based on the semantic similarity loss ; and training 65 more processors and system memory , as discussed in greater 
the sentence encoder neural network and the sentence detail below . Embodiments within the scope of the present 
decoder neural network based on the reconstruction loss . disclosure also include physical and other computer - read 
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able media for carrying or storing computer - executable many types of computer system configurations , including , 
instructions and / or data structures . In particular , one or more personal computers , desktop computers , laptop computers , 
of the processes described herein may be implemented at message processors , hand - held devices , multi - processor sys 
least in part as instructions embodied in a non - transitory tems , microprocessor - based or programmable consumer 
computer - readable medium and executable by one or more 5 electronics , network PCs , minicomputers , mainframe com 
computing devices ( e.g. , any of the media content access puters , mobile telephones , PDAs , tablets , pagers , routers , 
devices described herein ) . In general , a processor ( e.g. , a switches , and the like . The disclosure may also be practiced 
microprocessor ) receives instructions , from a non - transitory in distributed system environments where local and remote 
computer - readable medium , ( e.g. , a memory , etc. ) , and computer systems , which are linked ( either by hardwired 
executes those instructions , thereby performing one or more 10 data links , wireless data links , or by a combination of 
processes , including one or more of the processes described hardwired and wireless data links ) through a network , both 
herein . perform tasks . In a distributed system environment , program 

Computer - readable media can be any available media that modules may be located in both local and remote memory 
can be accessed by a general purpose or special purpose storage devices . 
computer system . Computer - readable media that store com- 15 Embodiments of the present disclosure can also be imple 
puter - executable instructions are non - transitory computer- mented in cloud computing environments . In this descrip 
readable storage media ( devices ) . Computer - readable media tion , “ cloud computing ” is defined as a model for enabling 
that carry computer - executable instructions are transmission on - demand network access to a shared pool of configurable 
media . Thus , by way of example , and not limitation , computing resources . For example , cloud computing can be 
embodiments of the disclosure can comprise at least two 20 employed in the marketplace to offer ubiquitous and con 
distinctly different kinds of computer - readable media : non- venient on - demand access to the shared pool of configurable 
transitory computer - readable storage media ( devices ) and computing resources . The shared pool of configurable com 
transmission media . puting resources can be rapidly provisioned via virtualiza 

Non - transitory computer - readable storage media ( de- tion and released with low management effort or service 
vices ) includes RAM , ROM , EEPROM , CD - ROM , solid 25 provider interaction , and then scaled accordingly . 
state drives ( “ SSDs ” ) ( e.g. , based on RAM ) , Flash memory , A cloud - computing model can be composed of various 
phase - change memory ( “ PCM ” ) , other types of memory , characteristics such as , for example , on - demand self - service , 
other optical disk storage , magnetic disk storage or other broad network access , resource pooling , rapid elasticity , 
magnetic storage devices , or any other medium which can be measured service , and so forth . A cloud - computing model 
used to store desired program code means in the form of 30 can also expose various service models , such as , for 
computer - executable instructions or data structures and example , Software as a Service ( “ SaaS ” ) , Platform as a 
which can be accessed by a general purpose or special Service ( “ PaaS ” ) , and Infrastructure as a Service ( “ IaaS ” ) . A 
purpose computer . cloud - computing model can also be deployed using different 

Further , upon reaching various computer system compo- deployment models such as private cloud , community cloud , 
nents , program code means in the form of computer - execut- 35 public cloud , hybrid cloud , and so forth . In this description 
able instructions or data structures can be transferred auto- and in the claims , a “ cloud - computing environment ” is an 
matically from transmission media to non - transitory environment in which cloud computing is employed . 
computer - readable storage media ( devices ) ( or vice versa ) . FIG . 11 illustrates , in block diagram form , an exemplary 
For example , computer - executable instructions or data computing device 1100 that may be configured to perform 
structures received over a network or data link can be 40 one or more of the processes described above . One will 
buffered in RAM within a network interface module ( e.g. , a appreciate that the digital image captioning system 700 can 
“ NIC ” ) , and then eventually transferred to computer system comprise implementations of the computing device 1100. As 
RAM and / or to less volatile computer storage media ( de- shown by FIG . 11 , the computing device can comprise a 
vices ) at a computer system . Thus , it should be understood processor 1102 , memory 1104 , a storage device 1106 , an I / O 
that non - transitory computer - readable storage media ( de- 45 interface 1108 , and a communication interface 1110. In 
vices ) can be included in computer system components that certain embodiments , the computing device 1100 can 
also ( or even primarily ) utilize transmission media . include fewer or more components than those shown in FIG . 

Computer - executable instructions comprise , for example , 11. Components of computing device 1100 shown in FIG . 11 
instructions and data which , when executed at a processor , will now be described in additional detail . 
cause a general - purpose computer , special purpose com- 50 In particular embodiments , processor ( s ) 1102 includes 
puter , or special purpose processing device to perform a hardware for executing instructions , such as those making 
certain function or group of functions . In some embodi- up a computer program . As an example , and not by way of 
ments , computer - executable instructions are executed on a limitation , to execute instructions , processor ( s ) 1102 may 
general - purpose computer to turn the general - purpose com- retrieve ( or fetch ) the instructions from an internal register , 
puter into a special purpose computer implementing ele- 55 an internal cache , memory 1104 , or a storage device 1106 
ments of the disclosure . The computer executable instruc- and decode and execute them . 
tions may be , for example , binaries , intermediate format The computing device 1100 includes memory 1104 , 
instructions such as assembly language , or even source code . which is coupled to the processor ( s ) 1102. The memory 1104 
Although the subject matter has been described in language may be used for storing data , metadata , and programs for 
specific to structural features and / or methodological acts , it 60 execution by the processor ( s ) . The memory 1104 may 
is to be understood that the subject matter defined in the include one or more of volatile and non - volatile memories , 
appended claims is not necessarily limited to the described such as Random Access Memory ( “ RAM ” ) , Read Only 
features or acts described above . Rather , the described Memory ( “ ROM ” ) , a solid - state disk ( “ SSD " ) , Flash , Phase 
features and acts are disclosed as example forms of imple- Change Memory ( “ PCM ” ) , or other types of data storage . 
menting the claims . 65 The memory 1104 may be internal or distributed memory . 

Those skilled in the art will appreciate that the disclosure The computing device 1100 includes a storage device 
may be practiced in network computing environments with 1106 includes storage for storing data or instructions . As an 
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example , and not by way of limitation , storage device 1106 We claim : 
can comprise a non - transitory storage medium described 1. A non - transitory computer - readable storage medium 
above . The storage device 1106 may include a hard disk having stored thereon computer - executable instructions that , 
drive ( HDD ) , flash memory , a Universal Serial Bus ( USB ) when executed by at least one processor , cause a computing 
drive or a combination of these or other storage devices . 5 device to : 

The computing device 1100 also includes one or more train a sentence encoder neural network utilizing an 
input or output ( “ I / O ” ) devices / interfaces 1108 , which are adversarial classifier by : 
provided to allow a user to provide input to ( such as user generating , utilizing the sentence encoder neural net 
strokes ) , receive output from , and otherwise transfer data to work , a predicted feature vector of a training sen 
and from the computing device 1100. These I / O devices / tence in a semantic space ; and 
interfaces 1108 may include a mouse , keypad or a keyboard , applying the adversarial classifier to the predicted fea 
a touch screen , camera , optical scanner , network interface , ture vector to constrain the sentence encoder neural 
modem , other known I / O devices or a combination of such network to a region of the semantic space that can be 
I / O devices / interfaces 1108. The touch screen may be acti decoded to viable sentences ; and 
vated with a stylus or a finger . training an image encoder neural network and the sen 

The I / O devices / interfaces 1108 may include one or more tence encoder neural network utilizing a semantic simi 
devices for presenting output to a user , including , but not larity constraint by : 
limited to , a graphics engine , a display ( e.g. , a display generating , utilizing the image encoder neural network , 
screen ) , one or more output drivers ( e.g. , display drivers ) , 20 a predicted image feature vector in the semantic 
one or more audio speakers , and one or more audio drivers . space from a training image , wherein the training 
In certain embodiments , devices / interfaces 1108 is config image corresponds to a plurality of training captions ; 
ured to provide graphical data to a display for presentation nerating , utilizing the sentence encoder neural net 
to a user . The graphical data may be representative of one or work , a plurality of predicted caption feature vectors 
more graphical user interfaces and / or any other graphical 25 in the semantic space based on the plurality of 
content as may serve a particular implementation . training captions ; and 

The computing device 1100 can further include a com applying the semantic similarity constraint by : 
munication interface 1110. The communication interface comparing the plurality of predicted caption feature 
1110 can include hardware , software , or both . The commu vectors with the predicted image feature vector 
nication interface 1110 can provide one or more interfaces within the semantic space to determine a semantic 
for communication ( such as , for example , packet - based similarity loss representing a difference in seman 
communication ) between the computing device and one or tic meaning between the plurality of predicted 
more other computing devices 1100 or one or more net caption feature vectors and the predicted image 
works . As an example , and not by way of limitation , feature vector ; and 
communication interface 1110 may include a network inter modifying parameters of the image encoder neural 
face controller ( NIC ) or network adapter for communicating network and the sentence encoder neural network 
with an Ethernet or other wire - based network or a wireless based on the semantic similarity loss . 
NIC ( WNIC ) or wireless adapter for communicating with a 2. The non - transitory computer - readable storage medium 
wireless network , such as a WI - FI . The computing device 40 of claim 1 , further comprising instructions that , when 
1100 can further include a bus 1112. The bus 1112 can executed by the at least one processor , cause the computing 
comprise hardware , software , or both that couples compo- device to utilize the image encoder neural network to 
nents of computing device 1100 to each other . generate a feature vector for an input digital image . 

In the foregoing specification , the invention has been 3. The non - transitory computer - readable storage medium 
described with reference to specific exemplary embodiments 45 of claim 2 , further comprising instructions that , when 
thereof . Various embodiments and aspects of the executed by the at least one processor , cause the computing 
invention ( s ) are described with reference to details discussed device to utilize a sentence decoder neural network to 
herein , and the accompanying drawings illustrate the various generate a caption from the feature vector for the input 
embodiments . The description above and drawings are illus- digital image . 
trative of the invention and are not to be construed as 50 4. The non - transitory computer - readable storage medium 
limiting the invention . Numerous specific details are of claim 1 , wherein the training image corresponds to at least 
described to provide a thorough understanding of various three training captions . 
embodiments of the present invention . 5. The non - transitory computer - readable storage medium 

The present invention may be embodied in other specific of claim 3 , further comprising instructions that , when 
forms without departing from its spirit or essential charac- 55 executed by the at least one processor , cause the computing 
teristics . The described embodiments are to be considered in device to : 
all respects only as illustrative and not restrictive . For determine a reconstruction loss by comparing the caption 
example , the methods described herein may be performed generated by the sentence decoder neural network by 
with less or more steps / acts or the steps / acts may be per- comparing the caption with a training sentence associ 
formed in differing orders . Additionally , the steps / acts 60 ated with the input digital image ; and 
described herein may be repeated or performed in parallel train the sentence encoder neural network and the sen 
with one another or in parallel with different instances of the tence decoder neural network based on the reconstruc 
same or similar steps / acts . The scope of the invention is , tion loss . 
therefore , indicated by the appended claims rather than by 6. The non - transitory computer - readable storage medium 
the foregoing description . All changes that come within the 65 of claim 1 , further comprising instructions that , when 
meaning and range of equivalency of the claims are to be executed by the at least one processor , cause the computing 
embraced within their scope . device to : 

35 



9 

5 

10 

15 

25 

30 

US 11,113,599 B2 
31 32 

repeatedly train the sentence encoder neural network ; and generating an adversarial classification loss by comparing 
after repeatedly training the sentence encoder neural the first predicted classification with the negative class ; 

network , alternate between training the image encoder and 
neural network and training the sentence encoder neu- training the sentence encoder neural network based on the 
ral network . adversarial classification loss . 7. A system for generating captions reflecting digital 12. A computer - implemented method for training a digital 

image contents , comprising : model to generate captions reflecting digital image contents , 
one or more memories , comprising : comprising : 

an image encoder neural network ; and training a sentence encoder neural network utilizing an a sentence encoder neural network ; adversarial classifier by : at least one computing device storing instructions thereon , 
that , when executed by the at least one computing generating , utilizing the sentence encoder neural net 
device , cause the system to : work , a predicted feature vector of a training sen 
train the sentence encoder neural network utilizing an tence in a semantic space ; and 

adversarial classifier and a reconstruction loss by : applying the adversarial classifier to the predicted fea 
generating , utilizing the sentence encoder neural ture vector to constrain the sentence encoder neural 

network , a predicted feature vector of a training network to regions of the semantic space that can be 
sentence in a semantic space ; decoded to viable sentences ; and 

applying the adversarial classifier to the predicted training an image encoder neural network and the sen 
feature vector to constrain the sentence encoder 20 tence encoder neural network utilizing a semantic simi 
neural network to regions of the semantic space larity constraint by : 
that can be decoded to viable sentences ; and generating , utilizing the image encoder neural network , 

train the image encoder neural network and the sen a predicted image feature vector in the semantic 
tence encoder neural network utilizing a semantic space from a training image , wherein the training 
similarity constraint by : image corresponds to a plurality of training captions ; 
generating , utilizing the image encoder neural net- generating , utilizing the sentence encoder neural net 

work , a predicted image feature vector in the work , a plurality of predicted caption feature vectors 
semantic space from a training image , wherein the in the semantic space based on the plurality of 
training image corresponds to a plurality of train training captions ; and 
ing captions ; applying the semantic similarity constraint by : 

generating , utilizing the sentence encoder neural comparing the plurality of predicted caption feature 
network , a plurality of predicted caption feature vectors based on the plurality of training captions 
vectors in the semantic space based on the plural with the predicted image feature vector within the 
ity of training captions ; and semantic space to determine a semantic similarity 

applying the semantic similarity constraint by : loss representing a difference in semantic meaning 
comparing the plurality of predicted caption fea between the plurality of predicted caption feature 

ture vectors based on the plurality of training vectors and the predicted image feature vector ; 
captions with the predicted image feature vector and 
within the semantic space to determine a modifying parameters of the image encoder neural 
semantic similarity loss representing a differ- 40 network and the sentence encoder neural network 
ence in semantic meaning between the plurality based on the semantic similarity loss . 
of predicted caption feature vectors and the 13. The method of claim 12 , wherein training the sentence 
predicted image feature vector ; and encoder neural network utilizing the adversarial classifier 

modifying parameters of the image encoder neural further comprises : 
network and the sentence encoder neural net- 45 generating , utilizing a sentence decoder neural network , a 
work based on the semantic similarity loss . predicted caption from the predicted feature vector in 

8. The system of claim 7 , further storing instructions the semantic space ; 
thereon that , when executed by the at least one computing determining a first reconstruction loss by comparing the 
device , cause the system to generate , utilizing the trained predicted caption with the training sentence ; and 
image encoder neural network , a feature vector of an input 50 training the sentence encoder neural network and the 
digital image in the semantic space . sentence decoder neural network based on the first 

9. The system of claim 8 , further storing instructions reconstruction loss . 
thereon , that , when executed by the at least one computing 14. The method of claim 13 , further comprising utilizing 
device , cause the system to generate , utilizing a sentence the sentence decoder neural network and the image encoder 
decoder neural network , a caption for the input digital image 55 neural network to generate a caption for an input digital 
based on the feature vector . image . 

10. The system of claim 9 , further storing instructions 15. The method of claim 12 , wherein applying the adver 
thereon , that when executed by the at least one computing sarial classifier comprises : 
device , cause the system to provide the generated caption for predicting , utilizing the adversarial classifier , a first clas 
the input digital image for presentation to a user together 60 sification of the predicted feature vector , wherein the 
with the input digital image . predicted feature vector corresponds to a negative 

11. The system of claim 7 , wherein applying the adver class ; 
sarial classifier comprises : generating an adversarial classification loss by comparing 

predicting , utilizing the adversarial classifier , a first clas- the first predicted classification with the negative class ; 
sification of the predicted feature vector , wherein the 65 and 
predicted feature vector corresponds to a negative training the sentence encoder neural network based on the 
class ; adversarial classification loss . 
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16. The method of claim 15 , determining a second reconstruction loss by comparing 
further comprising predicting , utilizing the adversarial the predicted caption and the training caption ; 

classifier , a second classification of a training represen- and 
tation from a prior distribution , wherein the training modifying parameters of the sentence encoder neural representation corresponds to a positive class ; and network and the sentence decoder neural network based 

wherein generating the adversarial classification loss on the second reconstruction loss . comprises comparing the second predicted classifica 19. The method of claim 13 , wherein : tion with the positive class . training the sentence encoder neural network comprises 17. The method of claim 13 , wherein : initially training the sentence encoder neural network the sentence encoder network comprises a character - level 10 
convolutional neural network ; and utilizing a plurality of training sentences ; and 

the decoder neural network comprises at least one of : a training the image encoder neural network and the sen 
character - level convolutional neural network or a char tence encoder neural network comprises alternating 
acter - level recurrent neural network . between training the sentence encoder neural network 

18. The method of claim 13 , wherein training the image 15 with additional training sentences and the image 
encoder neural network and the sentence encoder neural encoder neural network with additional training images 
network utilizing the semantic similarity constraint further corresponding to additional training captions . 
comprises jointly training the image neural network , the 20. The method of claim 12 , wherein training the image 

encoder neural network and the sentence encoder neural sentence encoder neural network , and the sentence decoder 
neural network by : network utilizing the semantic similarity constraint is upon 

generating , utilizing the sentence decoder neural network , training the sentence encoder neural network utilizing the 
adversarial classifier . a predicted caption corresponding to a training caption 

of the plurality of training captions ; 

20 


